The cellular heterogeneity of the human pancreas has not been previously characterized due to the presence of extreme digestive enzymatic activities, causing rapid degradation of cells and RNA upon resection. Therefore, previous cellular mapping studies based on gene expression were focused on pancreatic islets, leading to a vast underrepresentation of the exocrine compartment. By profiling the transcriptome of more than 110,000 cells from human donors, we created the first comprehensive pancreas cell atlas including all the tissue components. We unveiled the existence of four different acinar cell states and suggest a division of labor for enzyme production within the healthy exocrine pancreas, which has so far been considered a homogeneous tissue. This work provides a novel and rich resource for future investigations of the healthy and diseased pancreas.
perform sNuc-seq. b, Merging of sNuc-seq data generated in this study with previous scRNA-seq datasets [8] [9] [10] [11] [12] of the endocrine human pancreas, shown as clusters in a two-dimensional UMAP embedding. c, Major cell types identified from sNuc-Seq of the human pancreas shown as clusters in a two-dimensional UMAP embedding.
To isolate nuclei, we initially applied a protocol commonly used in sNuc-seq 16 , but we were not able to recover intact RNA (Suppl. Fig. 1a-c) . On the basis of distinct protocols described in the citric acid-based buffer which enabled us to reduce RNA degradation during nuclei isolation and achieve a much higher yield of cDNA from human pancreatic samples (approximately [40] [41] [42] [43] [44] [45] [46] [47] [48] [49] [50] times higher than the standard protocol) (Suppl. Fig. 1d ). We isolated nuclei from human pancreas biopsies collected from three male and three female neurologically deceased donors, spanning the age range from 1.5 to 77 (13 samples in total) ( Fig. 1a and Suppl. Fig. 2a ). As we sought to identify previously described pancreatic cell types, we applied canonical correlation analysis (CCA) to both reduce batch effects and integrate our data with previously annotated human pancreas scRNA-seq data 21 . Our results confirmed that the different sNuc-seq samples were homogeneously merged and fully integrated with scRNA-seq despite the use of different entities as starting material (nucleus versus whole cell) ( Fig. 1b and Suppl. Fig. 3 ). We annotated the majority of the clusters based on previous studies, confirming that sNuc-seq enabled us to capture most of the previously reported human pancreatic cell types ( Fig. 1b-c) . Importantly, the proportion of cells identified with distinct technologies differ substantially since earlier scRNA-seq studies focused on the endocrine compartment of the pancreas while in our work the majority of the data is constituted by nuclei derived from acinar and ductal cells (Suppl. Fig. 4a ), hence complementing and completing the previous scRNA-seq analyses performed in the healthy organ (approximately 10-fold increase in analyzed cells). One major group of clusters contained the different endocrine cells (approximately 4% of the total number of nuclei) and their identity was confirmed by the expression of known specific hormones, namely insulin (INS, β cells), glucagon (GCG, α cells), somatostatin (SST, δ cells) and pancreatic polypeptide (PPY, γ cells) ( Fig. 2a ). Smaller clusters included endothelial cells (1,6% of the total nuclei), characterized by the expression of FLT1, PLVAP, VWF, CD36 and SLCO2A1 and antigen-presenting MHC class II (0,4% of the total nuclei, expressing CD74, CD45, ZEB2, HLA-DRA, HLA-DRB1 and HLA-DPA1) (Fig. 2b ). Pancreatic stellate cells (PSCs) are known to play key roles in the normal physiology of the pancreas 22 and in diseases such as pancreatitis and pancreatic cancer 23 . We identified two distinct states of PSCs, activated (aPSCs) and quiescent pancreatic stellate cells (qPSCs), confirming that they are both present in the normal pancreas and that their activation is not an artefact of in vitro culturing of endocrine islets 10 . In particular, qPCSs expressed higher level of SPARCL1, similarly to the liver counterpart 24 , PDGFRB and FABP4, likely involved in the retinoid-storing function of these cells 25 (Fig. 2b ). Moreover, qPSCs were enriched in the intermediate filament protein desmin (DES) and integrin genes such as ITGA1 and ITGA7, suggesting a structural role within the pancreas (Fig. 2b-c ). When qPSCs become activated, they change their morphology towards a myofibroblast-like phenotype and are able to migrate and remodel the extracellular matrix (ECM) 22 . Both qPSCs and aPSCs express COL4A1 and COL4A2 (Fig. 2b ), but aPSCs showed higher levels of other collagen genes such as COL5A2, COL6A3 and components of the basement membrane such as laminin proteins LAMA2 and LAMB1 (Fig. 2b ). Furthermore, we detected higher levels of SLIT2, FBLN5 and LUM, known mediators of fibrogenesis and migration in hepatic stellate cells 26, 27 (Fig. 2c ). The smallest cluster of cells identified in this study is represented by Schwann cells (22 nuclei, constituting 0.02% of the total) expressing specific markers such as CDH19, S100B, CRYAB, PMP22 and SCN7A (Fig. 2b ). We did not detect genes associated with Schwann cell dedifferentiation and repression of myelin sheath formation, previously reported to be upregulated due to extraction and culture conditions 10 .
Instead, gene over-representation analysis showed the enrichment of specific terms such as 'myelination', 'synapse organization' and 'modulation of synaptic activity' (Fig. 2d ).
Our data closely reflect the composition of the human pancreas in its physiological status, therefore the majority of the analyzed nuclei belong to two main clusters representing the exocrine pancreas. Acinar cells, accounting for 80% of the nuclei, were identified based on the expression of digestive enzymes such as AMY1A/B, CPA1/2, PRSS1 and transcription factors (TFs) such as RBPJL or FOXP2, while ductal cells represented 15% of the total amount of cells and were identified based on the expression of CFTR, ANXA4, and BICC1 (Fig. 3a ). In agreement with previous scRNA-seq studies 9, 11 , ductal cells appeared homogeneous and we could not distinguish the CD44 + /CFTR + and the MUC1 + subtypes previously described 10 , possibly due to the lower sensitivity of sNuc-seq compared to scRNA-seq. The unprecedented availability of sNuc-seq data enabled us to uncover a previously unknown degree of heterogeneity among acinar cells and to identify four distinct subtypes, including two which were not described before ( Fig. 3a,d ). The smallest population (called acinar-β) was characterized by the simultaneous expression of acinar markers and the insulin hormone. Acinarβ cells were previously identified in different organisms as well as in healthy and diabetic human patients but their functional role in pathological or healthy conditions has not been investigated [28] [29] [30] (Fig. 3a) . A second small population of acinar cells (acinar-REG + ) expressed higher levels of members of regenerating (REG) protein family such as REG3A and REG3B (Fig.   3a ). Acinar-REG + cells were reported in a previous scRNA-seq study 9 and represent an extremely interesting population of cells, considering the important role of REG protein upregulation in pancreatic lesions such as acinar-to-ductal metaplasia (ADM) and pancreatic intraepithelial neoplasia (PanIN) 31, 32 . Strikingly, we detected two yet unknown subpopulations of acinar cells not previously identified in human scRNA-seq experiments. These two clusters had a similar number of UMI per nucleus, indicating a similar content of RNA molecules, but one population had a threefold higher number of expressed genes, denoting a more complex transcriptome (Suppl. Fig. 5a ). To characterize these two populations, we identified differentially expressed genes and performed gene over-representation analysis. The subtype with the higher number of genes showed enrichment in terms associated with 'adherent junctions' and 'regulation of actin cytoskeleton', 'Insulin signaling pathway', 'Rap1 signaling pathway', and 'protein processing in the ER' (Fig. 3b ). Therefore, these cells present typical acinar cell features, such as the ability to form adherent junctions necessary to maintain the integrity of the acini and their electrophysiological coupling, while also being able to respond to external stimuli, but they are less committed to the protein secretion task. We named these cells, 'idling acinar' cells (acinar-I). The other acinar cell cluster was characterized by strong expression of ribosomal genes, in agreement with the notion that acinar cells have the highest rate of protein synthesis in the human body 33 , and digestive enzyme genes (Fig. 3b ), hence we named them 'secretory acinar' cells (acinar-S). To validate the sNuc-seq findings, we performed RNA-FISH on the same samples used for nuclei isolation. Notably, RNA-FISH in the human healthy exocrine pancreas has not been previously reported since, as for sNuc-seq, elevated RNA degradation usually hinder these experiments (see Materials and Methods). Successful RNA-FISH experiments using probes for CPB1 (Carboxypeptidase), AMY1A (Amylase) and RBPJL (a key transcription factor of acinar cells) were performed and downstream analyses confirmed the existence of distinct acinar cell states expressing different levels of these transcripts (Fig. 3c ). In particular, mRNA of CPB1 and AMY1A (both encoding for digestive enzymes) showed high heterogeneity across the tissue and we were able to distinguish the two classes representing acinar-I and -S cells ( Fig. 3c ). Interestingly, we detected RBPJL, a gene highly expressed in acinar-I cells ( Fig. 3a) , in the acinar-S cells (Fig. 3c ). This discrepancy between RNA-FISH and sNuc-seq is likely due to the different sensitivity of the two technologies. It has been previously estimated that approximately 90% of the mRNA molecules in a pancreatic acinar cell encode for fewer than 30 proteins, namely the secretory enzymes 34, 35 . Hence, the high amount of RNA encoding for ribosomal and digestive enzyme genes is likely to hamper the detection of lowly expressed genes via sNuc-seq in acinar-S cells, while RNA-FISH is able to capture these transcripts. Importantly, the nuclear localization of RBPJL is consistent with its lower expression level compared to the CPB1 mRNA ( Fig. 3c ). To further investigate the molecular features of and acinar-I and -S cells we applied SCENIC, a computational tool able to infer putative transcription factor-target regulatory networks (regulons) from single cell gene expression data 36 .
Acinar-S cells showed activation of two regulons, XBP1 and ATF4, both involved in the unfolded protein response (UPR) pathway 37 , reflecting strongly increased protein production and endoplasmic reticulum (ER) stress. UBTF, a key regulator of ribosomal RNA transcription, is also active in acinar-S cells, reflecting their engagement in protein translation. On the other hand, acinar-I cells showed activation of regulons such as GATA4, FOXP2 and NR5A2, known exocrine pancreas transcription factors and CREB3L1/2, likely involved in the basal secretory activity of the cells (Suppl. Fig. 5b ). Thus, RNA-FISH and SCENIC analyses support the distinction of the two populations of acinar cells identified through sNuc-seq. Acinar-S cells sustain the elevated protein production task of the exocrine pancreas, while acinar-I cells appear less committed to this function although they express markers specific for acinar cell identity.
We thus hypothesize that acinar-I cells represent a different stage of acinar cell activation that could be converted to acinar-S cells following hormonal or nutritional stimulation, resembling the different activation states recently identified in human and mouse β cells 38, 39 . Moreover, acinar-I cells might constitute a source of cell replacement for acinar-S cells, which are subject to high level of ER stress and therefore more prone to cell death via apoptosis.
In this work we developed a new protocol for nuclei isolation that could be applied to other challenging tissues and to archived clinical samples. Moreover, we constructed the first comprehensive human pancreas cell atlas by single nuclei sequencing, providing a novel resource for the community of pancreas researchers. We found evidence of two major acinar cell populations (acinar-I and acinar-S), distinguished by differential expression of ribosomal and digestive enzyme genes (Fig. 3d ). In rodents, acinar cells exploit polyploidy or multinucleation to deal with the required high biosynthetic activity, but this is not the case for the human counterpart 40 . Hence, a different evolutionary strategy might be in place to allocate the protein production task to specific cells that, as a consequence, will be subject to ER stress and higher risk of apoptosis. Rodents are not appropriate as model organisms for human healthy exocrine pancreas due to structural, physiological and developmental differences 41, 42 
Nuclei isolation
To isolate nuclei from frozen tissue, we initially applied a protocol based on the use of dense sucrose solutions and detergents at slightly alkaline pH values 16 . However, the RNA extracted from isolated nuclei was highly degraded compared to the RNA in the original bulk tissue.
Several modifications to the original protocol were tested on the basis of previously described protocols involving the use of DSP 44 , methanol fixation 45, 46 , or the addition of further RNAse inhibitors such as ribonucleoside vanadyl complexes, but none of these approaches improved the quality of the RNA isolated from pancreatic nuclei. We optimized a citric acid-based buffer which enabled us to limit RNA degradation and successfully generate cDNA libraries from human pancreatic nuclei. Generally, snap-frozen pancreatic tissue samples were cut into pieces <0.3 cm and homogenized with one stroke of "loose" pestle in 1 mL citric-acid based buffer (Sucrose 0.25 M, Citric Acid 25 mM, Hoechst 33342 1 μ g/mL) using a glass dounce tissue grinder. The tissue was incubated on ice for 5 minutes and then homogenized with 5-10 more strokes. After further 5 minutes of incubation, tissue was homogenized with 3-5 strokes using the "loose" pestle and then 5 more strokes using the "tight" pestle. Homogenate was filtered through 
Single-cell RNA sequencing data analysis

Alignment
Since unspliced mRNA is captured in sNuc-seq experiments, we included the intronic reads in the preprocessing steps (alignment and read quantification) to accurately measure gene expression levels. Therefore, raw sequencing data were aligned to the human reference transcriptome using zUMIs 47 , software version 2.0.7 and a modified version of GRCh37/hg19
Reference -2.1.0 provided by 10X, generating a gene expression matrix that was used for downstream analyses.
Quality control and downstream analyses
Quality control and filtering of the nuclei was performed for each sample using the Python package Scanpy version 1.4.1 48 . Nuclei with fewer than 800 or more than 15000 UMIs were discarded. Moreover, nuclei with less than 300 detected genes were removed from the dataset.
Downstream analyses were performed using the R package Seurat version 3.0 21 and included also five previously published scRNA-seq datasets (GEO accession numbers GSE81076, GSE85241, GSE86469, GSE84133 and ArrayExpress accession number E-MTAB-5061). Each sNuc-seq dataset was scaled by library size and log-transformed (using a size factor of 10,000 molecules per cell). For each sample, the top 3,000 most variable genes were identified and the sNuc-seq and scRNA-seq datasets were integrated using the "FindIntegrationAnchors" and "IntegrateData" available in Seurat 3.0 21 . Data were scaled to unit variance and zero mean and the dimensionality of the data was reduced by principal component analysis (PCA) (30 components) and visualized with UMAP 49 . Clustering was performed using the Louvain algorithm on the 30 principal components (resolution = 1.0). Small clusters including Schwann cells and delta cells were manually assigned using the "CellSelector" function. Cluster-specific markers were identified with the "FindAllMarkers" function and clusters were assigned to known cell types on the basis of their specific markers (described in the main text). Clusters that appeared to correspond to the same cell types were merged. The density map in Suppl. Fig. 4b was calculated and plotted using the "embedding_density" function of Scanpy version 1.4.1.
Regulon -SCENIC analysis SCENIC 36 is able to infer gene regulatory networks from single cell gene expression data through three main steps: (a) identification of co-expression modules between TF and putative targets; (b) within each co-expression module, derivation of direct TF-target gene interaction based on enrichment of TF motif in the promoter of target genes, as to generate "regulons"; (c) for each cell, the regulon activity score (RAS) is calculated. Due to the low scalability of SCENIC (in the original R implementation) to large datasets, we downsampled our dataset to ~11,000 nuclei and the RAS was then projected onto the UMAP embedding.
Gene over-representation analysis
Symbol gene IDs were converted to Entrez gene IDs using the R package "annotables" 50 . The
Gene Ontology over-representation analysis was performed using the "enrichGO" function of the clusterProfiler R package 51 (using adjusted p-value < 0.05 and average log(Fold Change) > 0. 25) and ReviGO 52 was applied to summarize and visualize the results in Fig. 2d . The KEGG overrepresentation test was performed using the "enrichKEGG" function and the heatplot in Fig. 3b was generated using the "heatplot" function.
Histology and RNA-FISH
To perform RNA-FISH in the human pancreas, we used thin snap-frozen (2 mm) biopsies for formalin fixation and paraffin embedding, reasoning that the fixation of the tissue would be faster due to the thinness of the tissue, limiting the degradation processes. Therefore, human pancreatic snap-frozen samples were fixed in 10% formalin at 4°C for 14-16 hours and paraffinembedded. Sections (4 μ m) were cut from FFPE pancreatic tissue and processed for RNA in situ detection using the RNAscope Multiplex Fluorescent Reagent Kit v2 according to the manufacturer's instructions (Advanced Cell Diagnostics). RNAscope human probes used were:
Hs-CPB1 (#569891-C3), Hs-RBPJL (#581131), Hs-AMY1A (#503551-C2). RNA-FISH images were acquired on a Leica SP8 confocal laser-scanning microscope equipped with a 40x/1.30 oil objective (Leica HC APO CS2).
RNA-FISH image analysis
Automated nuclei instance detection and segmentation were implemented and performed using a deep learning object detection and instance segmentation workflow based on the Mask R-CNN architecture 53 . The neural network was initialized using pre-trained models trained on the Microsoft COCO: Common Objects in Context dataset 54 and fine-tuned on curated datasets of nuclei images. Nuclei images on the DAPI channel were used as inputs for the neural network to produce segmentation for each individual nucleus. The nuclei sizes were calculated using these segmented nuclei masks, and objects <150 pixels were filtered out and excluded from subsequent analyses.
To perform transcript abundance analysis, the RNA-FISH channels were thresholded and binarized by computing the gray-level moments of the input images as implemented in Fiji.
Transcript abundance was estimated by overlaying the nuclei masks on the thresholded probe channels and calculating the number of pixels within each mask. In order to account for transcript signals that are predominantly localized outside of the nuclei masks, we expanded the nuclei masks by morphological dilation (3 iterations using a 7x7 elliptical kernel) as implemented in OpenCV 55 prior to quantification. We then performed k-means clustering on the frequency distributions of pixel counts per cell (nucleus) to identify and separate the cells into population classes (e.g. high, low, and negative expression/abundance). A cluster number of 3 was selected for the FISH signals to better capture gradual differences between cells.
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